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Introduction
Flood risk has been increasing during the last decades on a global scale (IPCC, 2012) ; this is exemplified by the occurrence of flood events associated with high losses in Europe (e.g. 2002 Danube, Elbe and Vltava catchments, 2007 United Kingdom, 2014 Southeast Europe, 2016 . The flood events prompted political actions with a focus on the generation of flood risk maps and enhanced national risk management strategies, e.g. the European Parliament's Floods Directive (2007) or the respective frameworks in Switzerland (Bründl et al., 2009; PLANAT, 2005) . Flood risk analysis combines information about the hazard (i.e. the frequency and magnitude of floods), exposure (i.e. the population and assets located in flood-prone areas) and vulnerability (i.e. the susceptibility of the exposed elements to the hazard) (Klijn et al., 2015; Merz and Thieken, 2004; Papathoma-Köhle et al., 2011; UNISDR, 2015a) . These three main factors of the risk analysis show spatiotemporal patterns (Aubrecht et al., 2013; Black and Burns, 2002; Fuchs et al., 2013; Mazzorana et al., 2012; Winsemius et al., 2016. In particular, several studies and reports identify increasing in exposure as the main driver of increasing risk (Hallegatte et al., 2013; IPCC, 2012; de Moel et al., 2011) . In the future, flood risk will continue to increase because of socio-economic development and climate change (Visser et al., 2014; Winsemius et al., 2015) . Consequently, effective and efficient strategies for risk reduction are essential for the future (Jongman et al., 2014; Rojas et al., 2013) and a sound understanding of relevant risk drivers is a prerequisite for the implementation of risk-reduction strategies (IPCC, 2012; UNISDR, 2015b) .
In this paper, we focus on exposure and how the associated data analysis can influence decisions in different risk-based strategies. Exposure analysis is strongly dependent on availability, resolution and quality of data, namely data on assets (i.e. including affected people, buildings and infrastructure) and on the nature of the hazards (i.e. flood extent and magnitude). Asset data characteristics, in particular the spatial resolution and the aggregation level, also influence the choice of methods for exposure analysis. Examples of exposure analysis approaches include intersecting flood areas with average asset values based on aggregated land-use classification (e.g. Cammerer et al., 2013; Jonkman et al., 2008; Muis et al., 2015) and spatially explicit intersections of building polygons (Figueiredo and Martina, 2016; Fuchs et al., 2015) . The latter approach generates high quality and spatially explicit information on exposure, thereby reducing uncertainties if upscaled to a larger spatial entity. Merz (2006) compares different exposure analysis approaches and de provide an overview concerning spatial scales. Additionally, the levels at which exposed assets are aggregated are dependent on data privacy restrictions, data availability and study objectives. Aggregation levels can range from municipality level (Fuchs et al., 2015; Hallegatte et al., 2013; Huttenlau et al., 2010; Staffler et al., 2008) to NUTS levels for European studies (Lugeri et al., 2010; Lung et al., 2013) and aggregation based on countries (and 'food producing units') for global studies (Jongman et al., 2012; UNISDR, 2015a) . However, due to limited data availability, comprehensive object-based and therefore spatially explicit analyses are generally restricted to local and regional levels (Huttenlau et al., 2010; Zischg et al., 2013) . Since additional information has become increasingly available (e.g. on building stock, i.e. existing buildings within a defined environment) throughout Europe based on new European regulations, more accurate information on exposed elements can be obtained (e.g. Figueiredo and Martina, 2016; Fuchs et al., 2015) and will be used as a basis for decision-making in risk management.
In Switzerland, object-specific information about the building stock and flood hazards map are available nationwide. In this study, we investigate and test the application of different aggregation and normalization methods on these datasets and highlight their impact on resultant differences to build awareness among relevant decision makers. The legislative framework and the limited funds for protection measures oblige authorities to prioritize the most efficient and effective risk reduction schemes. Thus, decision makers need to know "which region should risk reduction focus on?" or alternatively, "where are the flood exposure hotspots located?". To answer these questions, we propose an approach of spatial cluster analysis based on the aggregation of point data with respect to different spatial units. Spatial cluster analyses are well established in many disciplines (crime, health, archeology, with Snow's (1855) publication on the 1854 cholera outbreak in Soho district of London being to our knowledge the first work on spatial clusters), but with limited applications in natural risk analysis and management to date. The few studies on natural hazards that apply spatial cluster analyses (e.g. Borden and Cutter, 2008; Fuchs et al., 2012; Kazakis et al., 2015; Su et al., 2011; van der Veen and Logtmeijer, 2005) often use aggregated data and rarely consider the influence of the shape and size of the data aggregation units. In our study, we investigate if and to what extent the aggregation scheme influences the results. In other words, we examine the relevance of the still unresolved and thus often ignored Modifiable Areal Unit Problem (MAUP) (Openshaw, 1984;  cf. also Section 2.4 in this paper).
We further consider two types of exposure indicators: the density of exposed assets (exposed number of assets per km 2 ) and the share of exposed assets (share of exposed assets compared to the total number of assets in a specific region). The first indicator, the exposure density, supports risk management strategies that follow the concept of utilitarianism (Mill, 2007) . Utilitarianism in natural hazard and risk management means to choose the most cost-efficient measures. Numerous factors influence a measure's efficiency, i.e. the ratio of resource input to the risk reduction output. The density of exposed assets is an example of the aforementioned factors. Provided that all factors are the same except the exposure density, the efficiency of a measure is higher in areas with high densities of exposed assets than in areas with low exposure densities. That is, the density of exposed assets is a meaningful criterion for the selection of measures with respect to cost efficiency. The second exposure indicator, the share of exposed assets, informs strategies which comply with Rawls' concept of justice (Rawls, 1971) . The application of this concept in risk management implies the prioritization of the most vulnerable areas and people (Johnson et al., 2007) . The term 'vulnerable' in this context does not refer to the individual physical susceptibility of assets in a region, but to the missing capacity of a region to cope with a disaster. We assume an inverse relationship between the share of affected assets and a region's coping capacity. Consequently, we propose that the share of exposed assets in a given spatial unit is used as an indicator of the unit's vulnerability.
The proposed approach of spatial cluster analysis is generally applicable, i.e. for different regional and national flood exposure surveys. In this paper it is applied and illustrated with the case study of Switzerland.
Material and methods
For the analysis of flood exposure, we overlay spatially explicit information about buildings and inhabitants with data describing flood prone areas. Based on different aggregations of the exposed assets we search for statistically significant hotspots of flood exposure. The following sections outline the methods applied and describe the datasets used in the Switzerland case study.
Data on buildings and inhabitants
Two datasets are extracted from (1) a topographic landscape model and (2) from point data on residential buildings and combined to obtain a comprehensive and homogenous, country-wide database of buildings polygons and of residents in Switzerland.
The feature group 'buildings' from the 'Topographic Landscape Model' (TLM) (swisstopo, 2016a, 2016b) contains footprints of all buildings currently in Switzerland. The TLM building data is highly accurate (10 − 1 m), however, the spatial subsets of the data are not updated simultaneously, but regionally in phases between the years 2009-2015. In addition, the change of the building data from 2D to 3D representation is completed only for approximately half of the area (swisstopo, 2016c) . Consequently, there are regional differences, e.g. in the degree of division and overlaps of building polygons and the date of underlying aerial images. We address the shortcoming regarding the spatially different stages of 2D to 3D conversion by merging all adjoining or overlapping building polygons, so that terraced houses or apartment blocks are homogeneously represented as one single polygon. Furthermore, we correct invalid geometries. After these preprocessing steps, our dataset includes 2,086,411 non-overlapping building polygons with a total areal footprint of 540 km 2 .
The federal 'Buildings and Dwellings statistic' (Gebäude-und Wohnungsstatistik (GWS)) contains point-referenced data of all buildings (entrances) for residential use in Switzerland (Federal Statistical Office FSO, 2016) . The number of inhabitants (main residence) at the end of 2012 is used in our study. The dataset contains 1,670,054 points with slightly over 8 million (8, 057, 480) inhabitants assigned to them.
We assign the number of inhabitants to the building footprints by intersecting the GWS point data with building footprint polygons and applying a snapping distance of ≤ 2 m. Within this distance, 97.7% of all points in the GWS can be attributed to a neighboring building polygon. For the total number of inhabitants per building, we total the number of inhabitants of all points associated to a specific building polygon.
Flood maps
We combine two different types of flood maps to define the areas potentially prone to inundation. The main source of data is a compilation of all available communal flood hazard maps, which are complemented by a nationwide floodplain model called 'Aquaprotect'.
The communal flood hazard maps are generated at the local municipal or cantonal level with respect to Swiss national guidelines (Borter, 1999; Loat and Petrascheck, 1997) and include information from historical events, 2D flood simulations and expert knowledge. Within the perimeter of the communal flood hazard maps, five different hazard classes ('high', 'medium', 'low', 'residual' and 'no or negligible') are defined by a specific combination of intensity and probability of events. The communal flood hazard maps are widely accepted and used, especially in the planning process of flood protection measures at communal and cantonal levels (Bundesamt für Umwelt BAFU, 2016a). In our study, we use the March 2016 versions available from the 26 Swiss cantons (federal states) and consider the hazard classes 'high', 'medium' and 'low' as flood prone areas (i.e. we include areas affected by events up to a return period of 300 years).
67% (1,390,382) of the building polygons (70% of footprint areas, 77% of residents) are located within the perimeters of the communal flood hazard maps. For the buildings located partially or completely outside of these perimeters (i.e. buildings without flood assessment at the local level), the Aquaprotect dataset provided by the Federal Office for the Environment (Federal Office for the Environment, 2008) is used complementarily. This dataset defines inundation areas based on a "geomorphologic regression" approach (Feyen et al., 2003) ; this approach has been applied in Switzerland on a 25 m × 25 m grid. Technical flood control facilities and catchment areas below 10 km 2 are not considered by Aquaprotect (Federal Office for the Environment, 2008). Aquaprotect includes four different layers with recurrence periods of 50, 100, 250 and 500 years. We use the layer with the 250 year return period in addition to the communal flood hazard map's areas of events with a return period of up to 300 years.
Exposure analysis
The two datasetsof building footprints and of flood prone areasare spatially intersected within a GIS to assess the flood exposure of buildings and residents. A building (and its inhabitants) is classified as exposed if the (partial or whole) footprint polygon overlaps with a flood prone area according to the communal flood hazard maps (classes 'high', 'medium' and or 'low'). If the building footprint is located outside of the perimeter (i.e. it is without flood assessment at the local level), it is exposed if it overlaps with the considered Aquaprotect layer. Buildings that are located on the fringes of the perimeter of the communal flood hazard maps (i.e. partially inside and outside the perimeter) are classified as exposed if they overlap with one of the three considered classes of the flood hazard maps and/or with the respective Aquaprotect layer.
Spatial aggregation of data and density calculation
We aggregate the number of exposed buildings, associated footprint and inhabitants based on the currently defined Swiss municipal districts. The values are then normalized by the area of the respective polygon to determine the resultant densities of exposed assets. The Swiss municipalities dataset (swisstopo, 2016d) consists of 2312 entities, covering the entire national territory of 41,290 km 2 . 2294 of these entities are actually territories of municipalities, 16 are cantonal territories (coinciding mainly with lake areas) and two are 'communanzas' or public areas managed communally by farmers. The sizes of the 2312 polygons range from 0.1 km 2 to 439 km 2 with a mean value of 18 km 2 . With reference to motivation stated in the introduction, we are interested in investigating whether data aggregation by municipal districts influences data analysis results. That is, we want to determine if the 'Modifiable Areal Unit Problem' (MAUP) impacts the analysis of flood exposure of Swiss municipalities. The MAUP includes two aspects, (1) the scaling and (2) the zonation effect (Openshaw, 1984;  cf. also Charlton, 2008) . The scaling effect describes the observation that analytical results change based on the level of data aggregation (e.g. block census vs municipal districts vs county level). The zonation effect describes inconsistencies in results when the number of areal units (and thus their average size) remains constant, while boundary positions are shifted. In our study, we focus on the zonation effect by creating an arbitrary grid of 4.23 km × 4.23 km cells, covering the entire Swiss territory. The comparison of the results based on these grid cells (2533 cells, each 17.8929 km 2 ) with the results based on aggregation by municipalities (2312 polygons with an areal average of 17.8592 km 2 ) supports the assessment of how relevant the MAUP zonation effect is. To calculate the densities of exposed buildings, footprint areas and inhabitants in each grid cell, we apply the quadratic kernel function described by Silverman (1986) with a window 6.345 km wide.
We apply the same density calculation procedures to the total building stock (exposed and unexposed buildings) and divide the densities of exposed buildings by the densities of the total building stock. We obtain relative exposure ratios of building numbers, footprint areas and inhabitants per municipality and per grid cell, respectively.
To determine the robustness of the results based on grid cells we shift the arbitrarily set grid by half of its cell width in each direction, i.e. by 2115 m in north-south and east-west respectively, and repeat the described density calculations. The resulting densities and their distributions within this second grid are very similar to ones in the first grid. Thus, we proceed solely with the first grid.
Detection of spatial clusters
'Hotspots' and 'spatial clusters' are defined differently and many relevant techniques can be applied to detect these spatial patterns (see Getis, 2008 for a historical outline, and Legendre and Legendre, 2012 for a topical overview and mathematical details). From the available range of interpretations, Levine's definition of a hotspot as an "extreme form of spatial autocorrelation" (Levine, 2008 ) and Knox's definition of spatial clusters as "geographically … bounded group[s] of occurrences … of sufficient size and concentration to be unlikely to have occurred by chance" (Knox, 1989 ) are of particular interest.
We apply the local spatial autocorrelation statistic Gi*(d), by Getis and Ord (Getis and Ord, 1992; Ord and Getis, 1995) , to identify hotspots of flood exposure in Switzerland. In other words, the aim is to detect statistically significant clusters of high values in terms of densities of exposed buildings (numbers, footprint areas and inhabitant), as well as in terms of relative exposure ratios. The confidence level is set at 95%, and for d, we use fixed distance bands. We set the first distance band just above the maximal distance between centroids of neighbors (i.e. at 21 km for municipalities and at 4.25 km for grid cells) to assign to each municipality or grid cell at least one neighbor. We investigate the effect of the size of d by increasing it for municipalities to 31.5 km and 42 km and for grid cells to 8.5 km, 12.75 km, 17 km and 21.25 km.
The evaluation of the Gi*(d) statistical framework reveals additional issues with both spatial dependence and multiple testing. While the spatial dependence violates the test requirement of independent features, the multiple testing leads to a high number of false type I errors, i.e. incorrect rejections of the null hypothesis. Therefore, it is necessary to adjust the critical values of the Gi* statistics. We use the method proposed by Caldas de Castro and Singer (2006) .
Results and discussion
The data resulting from the assignment of point data on inhabitants (GWS dataset) to building footprints (TLM dataset) are presented in Section 3.1, together with the national level results from the flood exposure analysis. In Section 3.2, we discuss selected outcomes of the spatial aggregation investigation and of the density and ratio calculations. Section 3.3 describes the results of the spatial clusters analysis. The relevance of the MAUP is addressed in Section 3.4, and in Section 3.5, we discuss the implications of our findings for the prioritization of flood risk reduction measures. The annex presents supplementary results to the selected outcomes described in Section 3.2.
Exposed assets: buildings and residents
A total of 97.7% (1,631,531) of the GWS data points are assigned to a building footprint polygon (i.e. 93.7% are located within a TLM building footprint polygon and 4% within a distance of ≤ 2 m). These assigned GWS data points represent 98.2% (7, 909, 191) of the Swiss residents. The high percentage of residents assigned to buildings reflects the high spatial accuracy of both the GWS points and the TLM footprints datasets.
Overall, 320,509 buildings in Switzerland are identified as exposed to floods up to a return period of 250 to 300 years (see Table 1 ). This is equivalent to an exposure ratio of 15.4%. This ratio is in agreement with results from previous studies conducted with Switzerland as a study site (Bundesamt für Umwelt BAFU, 2016b; Fuchs et al., 2017) and is in line with findings about other mountainous regions in Europe (Chen et al., 2016 , Fuchs et al., 2015 Url and Sinabell, 2008) . The exposure ratios of the building footprint areas and of the number of residents are higher (20.4% and 17.1%, respectively) but still comparable to the ratio regarding the numbers of buildings. This indicates that the average footprint area of exposed buildings is greater than the average footprint area of unexposed buildings in Switzerland (343 m 2 for exposed versus 244 m 2 for unexposed, cf. Table 1 ). The same comparison is valid for the number of residents. However, the relative difference between the average number of inhabitants in exposed buildings (4.2 persons per building) and in unexposed buildings (3.7 persons per building) is smaller. Fuchs et al. (2015) obtain similar findings with respect to larger buildings located inside of flood prone areas and explain that larger buildings require more flat terrain. Consequently, they are preferably built on floodplains. A second explanation for the higher exposure ratios associated with larger buildings is related to the applied method. It scores any building overlapping with flood prone areas as "exposed", regardless of the percentage of the building footprint that intersects with the flood area feature. As a result, large building polygons are more likely to be scored as "exposed" than small ones.
The last column in Table 1 presents the exposed elements normalized by the total area of Switzerland (41,290 km 2 ). An average of eight buildings (2,700 m 2 footprint area, 33 inhabitants) are exposed per square kilometer. These normalized figures are revisited in the following section, where we present the densities of exposed assets based on spatial aggregations with different spatial units.
3.2. Spatial aggregates, densities and ratios of exposed assets Fig. 1 presents the aggregation of the number of exposed buildings per municipality normalized per square kilometer in five 20%-quantiles. The limit between the middle and the second highest class coincides with the average value of eight exposed buildings per square kilometer considering all of Switzerland (cf . Table 1 ). Consequently, 60% of the municipalities (the three lower classes) have densities that are less than or equal to the nationwide average. Furthermore, the mean of the density values of all municipalities is approximately 13 exposed buildings per square kilometer, which is N 50% higher than the nationwide density. In other words, the density distribution per municipality is not symmetrical but right-skewed and small municipalities are generally associated with higher densities than large ones. Considering the spatial distribution of the densities, low values are generally concentrated in the south-eastern part of Switzerland. In contrast, many municipalities with high densities are located in the central and the northern parts of the country, with the exception of two lines of high values in the south (areas A and B in Fig. 1) . Fig. 2 also presents densities of the number of exposed buildings, but per 4.23 km × 4.23 km grid cells. The thresholds used to define the five plotted classes are the same as in Fig. 1 . Overall, the spatial distribution pattern of the densities per grid cell in Fig. 2 is similar to Fig. 1 , but the high density values in area B (in Fig. 1 ) are less prominent. Here, the high values of some small municipalities (≪ 18 km 2 ) are smoothed out when the densities are calculated per grid cell. This smoothing effect of high and low density values affects all regions, where the areas of municipalities are considerably smaller than the areas of the grid cells. Additionally, the applied kernel density estimation with a window width of 6.345 km smoothens the resultant values. However, this smoothing effect of the kernel density estimation is cancelled out in regions where the municipal areas are notably larger than the grid cell areas. Consequently, in regions with large municipalities, the variability of the underlying exposure data is more evident in the density maps organized per grid cell (e.g. area C in Fig. 2 ) than per municipality.
In principal, the exposure density in a particular spatial unit is the result of two underlying features, (1) the density of assets (number of buildings, footprints or inhabitants per square kilometer of this spatial unit) and (2) the proportion of flood prone area to the total area of this spatial unit. While the high exposure density in the northern part of Switzerland is attributed to an overall high density of assets in these lowlands and hilly regions, the high exposure densities in the mountainous south correspond with the high settlement concentrations located on the main alpine river floodplains that extend across the entire valley bottom (Zimmermann and Keiler, 2015) . The spatial distributions of the building exposure ratios per municipality are shown in Fig. 3 , classified in five quantiles of 20%. The 15.4% nationwide exposure ratio (see Table 1 ), as well as the mean of the exposure ratios of all municipalities (13.9%) belong to the second highest class, indicating a right-skewed distribution. However, unlike the density values per municipality, the exposure ratios per municipality do not show a correlation to the areal size of municipality. Considering the spatial distribution of the exposure ratios per municipality, we identify a narrow area of high ratios from the southwest to the northeast of Switzerland, which coincide with the northern and pre-alpine regions of the Swiss Alps. Otherwise, low to medium ratios dominate, with the exception of some isolated high values.
Finally, Fig. 4 presents the exposure ratios per grid cell with the same thresholds of the five classes as in Fig. 3 . Compared with Fig. 3 (municipalities) an equivalent spatial distribution of the exposure ratios appears in Fig. 4 (grids) . As in the case of the exposure ratios per municipality, the exposure ratios per grid cell are generally higher in a broad strip that stretches from the southwest to the northeast. In addition, we identify an accumulation of high values in the west (area D in Fig. 4) , which does not appear in Fig. 3 (ratios per municipalities) due to the presence of some polygons without data. These polygons represent parts of lakes that are not assigned to municipalities and that do not contain buildings; thus, no exposure ratios are calculated. Finally, in the northern part of Switzerland, the map of exposure ratios per grid cells (Fig. 4) is easier to interpret than the map per municipalities (Fig.  3) . This is mainly due to the smoothing effects caused by larger grids cells than municipalities and by the kernel density estimation procedure.
The prominent concentration of high exposure ratios in the narrow region that spans from the southwestern to the northeastern parts coincides with the northern and central parts of the Swiss Alps. This is a region that includes both concentrated settlements and wide areas characterized by relatively sparse populations. The main settlements here are concentrated in the few relatively flat areas, which are mainly floodplains, alluvial fans and debris cones.
When comparing exposure densities with exposure ratios (both sets of values organized per municipality or per grid cell), the extreme values (in the highest and the lowest classes) are found to be largely complementary. There are only a few major areas that are consistent. Densities of flood exposed buildings in Switzerland per 4.23 × 4.23 km 2 grid cell, numbers per km 2 . Thresholds of classes are identical to Fig. 1 (densities per  municipalities) . Fine lines represent grid cells and thick lines represent cantonal boundaries. Area C highlights an example, where the variability of exposure is more evident in density maps per grid cell than per municipality. (Figs. 1 to 4) , and area F is characterized by high values in all four maps. Fig. 4 . Ratios of flood exposed buildings in Switzerland per 4.23 × 4.23 km 2 grid cell [numbers of exposed buildings/numbers of all buildings]. Thresholds of classes are identical to Fig. 3 (ratios per municipalities) . Fine lines represent grid cells and thick lines represent lines cantonal boundaries. Area D highlights an accumulation of high values, which does not appear in Fig. 3 (ratios per municipalities) .
Two examples are highlighted in Fig. 3 : Area E is a region where low values are observed in all four maps ( Figs. 1 to 4 , see for a better overview Fig. A1 in Appendix) and area F is characterized by high values in all four maps. Overall, areas with high values in all four maps correspond with the relatively wide valleys of the main rivers connecting the high alpine regions with the foothills of the Alps, in particular, the Rhine river valley upstream of Lake Constanze (area F in Fig. 3 ) and the Rhone valley upstream of Lake Geneva (area A in Fig. 1 ). Both are considered to be densely populated areas surrounded by rather sparsely populated mountain areas. The large region of low values in the southeast observed in all four maps (Fig. A1 in Appendix) is almost congruent with the territory of Canton Graubünden. Authorities of Canton Graubünden pioneered the consideration of natural hazard aspects in the spatial planning processes in Switzerland. Legally binding hazard maps were introduced as early as 1963.
The aforementioned statements regarding the numbers of buildings also generally apply to the results describing the areal building footprints, and to a lesser degree, to the inhabitants. To provide an overview of the spatial distributions, the appendix presents the aggregations of the numbers of buildings (Fig. A1) , of the areal building footprints (Fig. A2) , and of the number of inhabitants (Fig. A3) .
Hotspots of flood exposure
The results of the hotspot analyses are summarized in Figs. 5 and 6. The dark colored areas in all of the maps represent clusters of high values, based on the Gi*(d) statistic (Getis and Ord, 1992, Ord and Getis, 1995) and on a 95% confidence level. Fig. 5 provides an overview of 30 maps based on the five distance bands d (applied on data aggregated on grid cells, see columns in Fig. 5 ) and on the six analyzed exposure indicators (rows in Fig. 5 ) aggregated per grid cells. The results show (Fig. 5) that an increasing distance band value results in larger and more generalized hotspots, but does hardly change the position of these areas. The 18 maps in Fig. 6 provide a comparable overview to the one presented in Fig. 5 and are based on the same six indicators (rows in Fig. 6 ), but aggregated per municipalities and based on three distance bands d (columns in Fig. 6) . In contrast to the grid cell aggregation, the results of the municipality-based aggregation highlight that an increasing distance band not only changes the size and shape of hotspot areas but, also their position under some circumstances (e.g. in the central northern part in the first row in Fig. 6 ). Thus, due to the spatially more stable results obtained, the grid cell approach is considered to be more appropriate for hotspot analyses. In addition, we consider the Fig. 5 . Hotspots of flood exposure in Switzerland, based on data aggregated on 4.23 × 4.23 km 2 grid cells. The dark colored areas show statistically significant clusters of high values (see legend) based on the local spatial autocorrelation statistic Gi*(d) by Getis and Ord (references see text), for five different fixed distance bands (columns) and six different types of indicators (rows). Confidence level at 95%, correction of false discovery rate applied. Details on the applied method described in Section 2.5. The two maps, which are replicated in Fig.7 , are highlighted by a bold frame. Gray lines represent cantonal boundaries.
analyses based on grid cells as 'spatially more consistent' in the sense that the sizes of the cells are all identical. Consequently, the size factor does not influence the result the way that variable sizes of municipalities do. For instance, the high exposure ratio (numbers of buildings) in the most eastern municipality of Switzerland is not identified as a part of a cluster (see first row with brown colored maps in Fig. 6) , simply because this municipality is comparably large and has no neighboring municipalities with high exposure ratios (see Fig. 3 ). If the underlying data of the same municipality are aggregated on smaller areal units (e.g. grid cells of approximately 18 km 2 ), the same hotspot analysis shows significant clusters of high exposure ratios (see first row with brown colored maps in Fig. 5 ). While the reason that data aggregation on grid cell is to prefer over the aggregation based on administrative boundaries is generally valid, the optimal size of the distance band d is dependent on the purpose of the spatial cluster analysis. It represents a compromise between producing continuous areas (by increasing d) and maintaining spatial differentiations (by decreasing d). Based on the evaluation of the parameters, we consider hotspot analyses based on grid cells and with a distance band of 17 km (second last column in Fig. 5 ). The selected parameters are optimal for providing a nationwide overview. Further analysis follows this optimal approach. Fig. 7 presents hotspots of the number of exposed buildings, based on data aggregated on 4.23 km × 4.23 km grid cells and with a distance band of 17 km. It can be observed that the hotspots based on density values are highly complementary to the hotspots based on exposure ratios. While the hotspots based on density values are mainly located in the northern part of Switzerland (with some additional spots in the southwest), the majority of the ones based on exposure ratios are Fig. 6 . Hotspots of flood exposure in Switzerland, based on data aggregated on municipalities. The dark colored areas show statistically significant clusters of high values (see legend) according to local spatial autocorrelation statistic Gi*(d) by Getis and Ord (references see text), for three different fixed distance bands (columns) and six different types of indicators (rows) Confidence level at 95%, correction of false discovery rate applied. Details on the applied method described in Section 2.5. Gray lines represent cantonal boundaries. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) located within a broad strip from the southwestern to the northeastern parts of the country. Additionally, there are two small and isolated hotspots of exposure ratios, one located in the west and another in the east. Dark gray colored areas in Fig. 7 are areas where hotspots based on exposure densities and hotspots based on exposure ratios overlap. These dark gray areas are comparatively small and limited to the intermediate zones between the high alpine regions and the foothills of the Alps.
The spatial distributions of hotspots based on building footprint or on inhabitants respectively are similar to the distribution of hotspots based on the number of buildings (see Figs. 5 and 6).
Relevance of the MAUP
Our results show that the MAUP is relevant. The aggregation scheme influences both groups of results, namely, the spatial aggregates (see Section 3.2) and the hotspots (see Section 3.3) of flood exposed assets.
In particular, the aggregation scheme does not influence the general spatial distributions of flood exposure densities or ratios with respect to spatial aggregates. They remain the same whether the data is aggregated based on municipality districts or regular grids. However, upon further detailed inspection, they differ due to the effects of smoothing and coarsening (see Section 3.2). These effects illustrate the scaling aspect of the MAUP. In relation to MAUP, there are two reasons why aggregation based on grid cells is considered to be more appropriate for nationwide analyses. Firstly, aggregation based on (regular) grid cells supports the comparability of different regions better than the aggregation based on (irregularly shaped and sized) municipalities. Secondly, in regions with (very) small municipal districts (e.g. in the northwestern parts or in the very south of Switzerland), the visualization of aggregated values based on grid cells provides a more usable overview of the situation at the presented scale.
The comparison of the respective hotspots based on the two different aggregation schemes shows that they differ not so much with regards to exposure ratios (brown colored maps in Figs. 5 and 6), but remarkably when looking at exposure densities (blue colored maps in Figs. 5 and 6 ). The two different aggregation schemes using similar numbers and average sizes of spatial units, result in different areas of flood exposure hotspot densities in Switzerland. That is, the results of these hotspot analyses are inconsistent when applying the two aggregation schemes, which vary in border locations. In other words, it matters where the borders of the spatial units are drawn. Consequently, the MAUP, especially the zonation aspect, should not be neglected.
Prioritization in risk reduction and risk management strategies
The dark colored areas in all presented maps (i.e. in the maps with 20% quantiles and in the hotspots maps) address the initial question pertaining to where flood protection measures should be prioritized. The dark blue areas (of exposure densities) indicate priorities for strategies following the concept of utilitarianism (Mill, 2007) , whereas the dark brown ones (of high exposure ratios) identify priority areas for strategies which comply with Rawls' concept of justice (Rawls, 1971) . In risk management, utilitarianism requests prioritization of the most cost efficient measures. High cost efficiency in turn is linked to high density of exposed assets, which is represented by the dark blue areas in this study. In contrast to utilitarianism, Rawls' concept on justice is focused on the most vulnerable areas and people. Vulnerable means to have low capacity to cope with a disaster. In this study, we use the share of exposed assets as an indicator for vulnerability, represented by brown colors in our maps. The maps with 20% quantile representation (of exposure densities and ratios, Figs. A1 to A3) are limited to the single spatial units of data aggregation, which are municipal districts or grid cells in our study. However, flood protection measures are often more effective when covering more than a single municipal district or a grid cell of 4.23 by 4.23 km (Thaler et al., 2016) . Consequently, for strategy prioritization, there is less interest in the high values of single spatial units and greater interest in clusters of high values, i.e. in hotspots. As hotspots represent statistically significant spatial clusters (in our case at 95% confidence level) of high values, they support an evidencebased prioritization of regions for protection measures. Hence, the dark colored areas in Fig. 7 suggest regions of national priority for protection measures.
Switzerland's flood risk management strategy is still mainly driven by the reaction after large damaging flood events (Suter et al., 2016) . The same reaction was observed by Thieken et al. (2016) after the 2013 flood in Germany and also in other countries. However, the number of preventive risk reduction projects in Switzerland are increasing with an emphasis on areas, which our study identifies as hotspots based on exposure densities. This emphasis reflects a commonly recommended strategic focus on cost efficiency (Meyer et al., 2013; Mori and Perrings, 2012) . It is implemented into the decision making process on the allocation of federal subsidies by a respective tool to provide evidence of cost efficient measures (Bründl et al., 2009 ). Only measures with evident cost efficiency are supported by national funds. Currently, there is increasing awareness about certain regions indicated in our study as the most vulnerable territories within Switzerland. However, the focus in these areas is on their capacity to cope with floods (and other natural hazards), rather than on the reduction of their exposure ratios. Thus, it would be beneficial to determine whether current risk management strategies e.g. intervention or risk transfer by extensive insurance systems (Gretener, 2011; von Ungern-Sternberg, 2004) in these vulnerable areas are sufficient in the case of the occurrence of an event (as discussed within the Austrian context by Holub and Fuchs, 2009 ).
Nevertheless, within Switzerland's strategic focus on cost efficiency, the most vulnerable regions identified in our study are not neglected. For instance, the federal authorities support precisely two current technical flood protection projects, with a dedicated contact person. These projects are the 'Alpenrhein Expansion Project' conducted on the river Rhine upstream of Lake Constance and the 'Third Rhone Correction' upstream of Lake Geneva (Federal Office for the Environment, 2016). These two projects are not only operating within identified hotspots based on density values, but also within hotspots based on exposure ratios. As a result, the aforementioned projects lay within the dark gray Fig. 5 ): Hotspots of numbers of flood exposed buildings in Switzerland, based on data aggregated on 4.23 × 4.23 km 2 grid cells. The dark colored areas show statistically significant clusters of high values (see legend) according to local spatial autocorrelation statistic Gi*(d) by Getis and Ord (references see text) . Confidence level at 95%, fixed distance band at 17 km, correction of false discovery rate applied. Details on the applied method described in Section 2.5. Red ellipses highlight the location of two major flood protection project in Switzerland. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) colored areas in Fig. 7 (see red ellipses in Fig. 7 ) that indicate areas where the hotspots based on density values and on ratios overlap. This means that the prioritization of these two projects at the national level is in line with our insights. Our findings suggest that the prioritization of these regions of overlapping hotspots is required to support the realization of both types of strategies focused on cost efficiency and on the most vulnerable regions.
Conclusions and outlook
The preceding sections illustrate the utility and pitfalls of spatial statistics applied on flood exposure data in Switzerland. We show that the detection of hotspots, i.e. of statistically significant clusters of high values, is feasible at the national scale and based on the use of spatially explicit data. We find that spatial cluster analyses support the generation of more informative databases, which can be used to prioritize flood protection measures, especially compared with the limited information from 'simple' maps of spatially aggregated data represented in quantiles. However, the analysis results into more than one single answer to the question 'where are the hotspots of flood exposure?', at least in the case of Switzerland. Thus, the proposed analysis provides a broad basis for decisions on different types of prioritization strategies in flood risk management.
First of all, the answer depends on the type of the indicator. The results of our case study suggest largely complementary hotspots based on exposure densities and exposure ratios. This means that priority areas for protection measures following cost efficient strategies (utilitarianism) and for measures focusing on the most vulnerable regions (Rawls' concept on justice) hardly overlap in Switzerland. Identifying these differences on a national level could already be an important step towards evaluating prioritization strategies. The prioritization of cost efficient measures is a well-established strategy with respective tools and criteria supporting the decision process in Switzerland and elsewhere. The density of exposed assets is a key determinant of cost efficiency. In contrast, the focus on vulnerability is less common and the development of the respective concepts and tools is still at a very early stage. The term vulnerability is already subject to ongoing academic discussions (cf. Birkmann et al., 2013) , even more diverse are the existing concepts of vulnerability assessments upon which flood management decisions are based. The exposure ratio, used in this study, is one of all conceivable criteria for vulnerability assessments.
Secondly, there may be differences in the answer when considering different kinds of assets. However, only minor differences between the results regarding the number or footprint or inhabitants of exposed buildings are identified in Switzerland. More importantly, the way data aggregation is conducted influences the results. That is, the MAUP is relevant and must not be neglected in any spatial cluster analysis based on aggregated flood exposure data. By presenting hotspots based on different distance bands, we further exemplify the influence of parameter settings on the results of a hotspot test statistic. Not only the parameter setting influence the identification of spatial clusters, but already the type of the test statistic that is applied does. In future studies, it might be interesting to apply other spatially explicit local statistics and to compare them with the presented approaches, e.g. procedures presented by Aldstadt and Getis (2006) , Anselin (1995) or Tango and Takahashi (2005) . Data aggregation based on small catchment areas (instead of grid cells or municipalities), combined with the use of connectivity indices (instead of Euclidean distance) as the neighborhood criteria, would be another promising approach for future improvements.
Regardless of the data and the methods used, it is essential to select them based on the questions to be answered for flood risk management. Furthermore, we emphasize the utility of publishing hotspots of flood exposure in combination with notes on their dependency on the parameters of the applied method. This way, flood exposure hotspot analyses provide added value to evidence-based decisions making pertaining to the prioritization of flood risk reduction measures.
Supplementary data to this article can be found online at http://dx. doi.org/10. 1016/j.scitotenv.2017.03.216. 
